To anticipate future events humans exploit predictive patterns in the environment. Such statistical learning is often outside of awareness. Timing research suggests that humans also adapt to temporal regularities. However, in these experiments, the intervals to be timed are isolated and explicitly cued, contrasting with everyday life where intervals are often unnoticed. In the present study, we found implicit adaptation to temporal regularities in an ecological setting. Ninety-eight participants played a game in which they responded to sudden-onset targets. While two targets appeared at random times, one target appeared every three seconds. In two experiments, we found adaptation to the regularity: Response times were lower, hit rates higher, and mouse cursor trajectories revealed anticipatory movements. Crucially, this was observed when participants were informed about the regularity, but also when they were unaware of it. Here, we for the first time, show implicit learning of temporal behavior in a complex environment.
was motivated on the basis of previous findings using Reaction Time (RT) as a measure of implicit learning (Zhao et al., 2013) : A power analysis suggested a sample size of 39 participants to detect an effect of 'regularity' (Cohens's d = 0.46, power = 80%, alpha level = 0.05). The higher sample size was chosen to fully counterbalanced the location of the regular target across experimental conditions. The experimental procedure was approved by the Ethical Committee Psychology of the University of Groningen with ID 18018-P, and participants gave written informed consent prior to testing.
Stimuli and Task. The experiment was implemented using OpenSesame (Mathôt, Schreij, & Theeuwes, 2012 ) version 3.2.8 with the PsychoPy back-end (Peirce et al., 2019) .
Participants were seated in a dimly lit room at approximately 60 cm viewing distance from a 22" CRT monitor (100 Hz, Iiyama MA203DT) and were instructed to score as many points as possible by moving the mouse cursor towards sudden-onset targets. Three blue, unfilled circles (r = 1.5 cm) placed at the three corners of an equilateral triangle (sides: 24 cm) marked the positions of possible targets (Figure 1) . A white fixation dot (r = 0.24 cm) was presented centrally. Target onsets were presented by filling the circles for 0.5 s. In each block, targets were presented 20 times at each of the three locations. One of the locations was the 'regular target location' at which a target appeared every three seconds. At the other two irregular locations, targets appeared at pseudorandomly generated intervals, while ensuring that the interval between two subsequent presentations in the same location was minimally 0.75 s (0.25 s between offset and new onset) and that there was always at least one irregular target between two regular target presentations.
Whenever participants moved the cursor within 3 cm of one of the target locations a white circle appeared around it indicating a hit at that location ( Figure 1 ). Participants scored points if they could hit a target within 0.5 s after its onset. Each hit was rewarded with 5 points and accompanied by a positively valued sound of a dropping coin. If participants were too late to hit the target (> 0.25 s after its offset) or 'hit' a location that did not contain a target, three points were deducted as a penalty. targets appear at pseudorandomly determined moments. Example 'Target Displays' are depicted at four different time points. Note that colors and sizes for illustrative purposes do not match the displays of the experiment exactly. An example video of the experiment is available on OSF (https://osf.io/9fp43/).
Procedure.
The experiment consisted of two phases of eight blocks, with 60 target presentations in total. A block lasted approximately one minute after which feedback was provided on the total score, the number of hits, misses per block, and the overall high score across all blocks completed so far. After the first phase, the temporal regularity was assigned to a new location. In each of the two phases, the regularity was either implicit or explicit, and the order was counterbalanced across participants. Participants who started with the implicit phase were initially not informed about any regularity, but were, before the second phase started, fully informed about the nature and location of the upcoming regular target. They were encouraged to make use of this information, but to not ignore the targets at the other two locations. For participants starting with the explicit phase these instructions were provided at the start of the experiment. Before the second phase (the implicit phase) these participants were informed that the former regularity would no longer hold, without mentioning the upcoming new regular target location. The location of the temporal regularity in the first and second phase were counterbalanced between participants. Both phases started with two practice blocks. In the explicit phase, regular targets were colored red during practice, and at the start of each block the regular location was briefly colored red, up to the moment of first target appearance.
After the implicit phase, participants answered three questions to assess their awareness of the temporal regularity: (1) An open question whether they had noticed anything remarkable during the experiment, and (2) after being informed that there had been a temporal regularity, a binary question whether they had been aware of the regularity. Finally, (3) participants indicated (or guessed) the location of the temporal regularity.
Inclusion Criteria. Two participants indicated that they had been aware of the temporal regularity in the implicit phase, and could correctly identify its location. Their data were excluded from further analyses. We additionally excluded data from blocks where the hit rate of one of the three targets was less than 25%, as this suggested that participant might not have divided their attention across all targets. For six participants, more than three out of eight blocks were discarded in either phase, which led us to exclude their data entirely. Responses faster than 0.15 s (1.2% of cases) were excluded, as well as responses to targets that appeared consecutively at the same location (9.6% of cases), as due to the design such repetitions could only occur for irregular targets. 1
Analyses. Analyses were conducted in R 3.6.1 (R Core Team, 2019). Analyses scripts as R-notebook are available on OSF (https://osf.io/9fp43/). The analyses aimed to determine whether participants adapted their behavior to the regular targets, and whether this was modulated by awareness of the regularity (explicit versus implicit). To this end, we analyzed performance expressed by RT and hit rates, and in addition we analyzed participants' cursor trajectories in epochs around target onsets.
We analyzed RT by means of Linear Mixed Models (LMMs; Baayen, Davidson, & Bates, 2008; Bates, Mächler, Bolker, & Walker, 2015) . We log-transformed RT to overcome the typical skew in RT distributions. Hit rates were analyzed with general (G)LMMs with a logistic link function. For both RT and hit rate models always included 'participant' as random intercept, and we relied on model comparisons by means of Bayes Factors estimated from BIC values (Wagenmakers, 2007) to assess whether the addition of predictors as fixed effects or random slopes was warranted.
The main interest of the study was whether regularity of targets (regular versus irregular), phase (explicit versus implicit), and their possible interaction affected performance. In search of the model that best captured the variation of the data we additionally assessed the effect of phase order (explicit -implicit versus implicit -explicit), response type on the preceding target (hit versus miss), and practice effects (progression in the experiment indexed by trial number). Here, we only report statistics on the effects of our main interest: 'regularity', 'phase', and their interaction. For completeness, we also report the outcome of Likelihood Ratio Tests for these comparisons. The Supplemental materials offers a complete report of the statistical procedure, including traditional repeated measures analyses of variance (ANOVA; including the standardized effect sizes) to facilitate comparison with existing studies.
To analyze cursor trajectories we selected data epochs in a time window from 0.5 s before to 1.0 s after each target onset, and calculated the distance of the cursor to the target every 0.01 s. We assessed the effects of 'regularity' and 'phase' at each timepoint by means of two-way repeated measures ANOVAs, and identify significant differences using nonparametric permutation tests (5000 iterations, alpha level 0.05; Maris & Oostenveld, 2007 (Cousineau, 2005; Morey, 2008) . c) Average mouse cursor distance to target in a − 0.5 to + 1.0 s window around target onset, for regular and irregular targets in the explicit and implicit phase.
The horizontal bars at the bottom mark significant clusters for the main effect 'regularity'. < 0.001) and also significant in the implicit phase, albeit with p = 0.0496.
Mouse cursor trajectories. Figure 2c displays the average cursor trajectories in a window of 0.5 s before to 1.0 s after target onset, split on 'regularity' and 'phase'. Two significant clusters were found indicating a main effect of 'regularity': One from 0.2 s before to 0.48 s after target onset (p < 0.001) and one from 0.54 s to 1.0 s after target onset (p < 0.001). Figure 2c illustrates that these clusters are indicative of earlier initiation of movement towards regular targets compared to irregular targets, which effectively yields a leftwards shift of the distance curve.
Discussion
Only two out of 48 participants could accurately report on the temporal manipulation in the implicit phase. In the remaining participants, we did not find significant support for a higher hit rate to the regularity in the implicit phase. We nevertheless found that RT was lower and cursor movements were initiated earlier to the regular target, as if participants anticipated the upcoming event. Together, these results indicate that participants not only adapted to the regular target intentionally (explicit phase), but also implicitly without detecting its presence (implicit phase).
Experiment 2
The results from Experiment 1 revealed implicit adaptation to the 'hidden' temporal regularity. However, in-depth analyses of the pseudorandomly generated stimulus sequences revealed that the average inter-stimulus interval (ISI) differed between the regular and irregular targets. To rule out that any of the observed effects were driven by this higher-order dependency, we replicated Experiment 1 with a more stringent randomization procedure that took ISI into account. 2
Method
Power analyses based on Experiment 1 indicated that a sample size of 32 participants would suffice to detect RT differences between regular and irregular targets (Cohens's d = 0.51, power = 80%, alpha level = 0.05). However, as Experiment 2 served as a stringent replication of Experiment 1, we continued data collection until data from 48 participants were included following the same 'Inclusion Criteria' as described for Experiment 1, maintaining full counterbalancing of experimental conditions. In total, 54 participants participated for course credits (i.e., six participants did not meet the inclusion criteria).
The experimental procedure was approved by the Ethical Committee Psychology of the University of Groningen with ID 18233-S, and participants gave written informed consent prior to testing.
Results
Questionnaire. None of the participants showed any indication of awareness of the regularity when asked whether they noticed anything 'remarkable'. In the yes/no forced choice question, five out of 54 participants (10.4%) indicated to have been aware of the temporal regularity. In the identification task, 23 participants (47.9%) indicated the correct location of the regular target. The two participants that indicated being aware of the temporal regularity and correctly identified its location were excluded from further analyses.
Reaction Times. Figure 3a shows average RT pattern which revealed a similar pattern as for Experiment 1. Indeed, statistical analyses again supported the inclusion of the factors 'regularity' (∆BIC = 281.79, BF > 1000; χ 2 (3) = 312.24, p < 0.001), 'phase'
(∆BIC = 242.47, BF > 1000; χ 2 (2) = 263.44, p < 0.001), and their interaction (∆BIC = 222.02, BF > 1000; χ 2 (1) = 232.50, p < 0.001). This interaction was driven by the finding that regular and irregular targets differed more in the explicit than the implicit phase. Post hoc Tukey's HSD test revealed that RT to the regular target were still significantly lower in both the explicit (p < 0.001) and implicit phase (p < 0.001).
Hit Rate. Results regarding hit rate (Figure 3b ) were again similar to Experiment 1. Indeed, the GLMM revealed support for the inclusion of the factor 'regularity' (∆BIC = 58.39, BF > 1000; χ 2 (3) = 90.12, p < 0.001). Whereas in Experiment 1 we did not find statistical support for the apparent interaction between 'regularity' and 'phase', in Cousineau-Morey confidence intervals (Cousineau, 2005; Morey, 2008) .
Experiment 2 we find support for the additional inclusion of the factor 'phase' (∆BIC = 31.90, BF > 1000; χ 2 (2) = 52.05, p < 0.001) and an interaction between these two effects (∆BIC = 31.90, BF > 1000; χ 2 (2) = 52.05, p < 0.001). The interaction shows that the difference between the regular and irregular targets was more pronounced in the explicit phase. Critically, post hoc Tukey's HSD test revealed that hit rate was nevertheless significantly higher to the regular target in both the explicit (p < 0.001) and implicit phase (p < 0.001).
Mouse cursor trajectories.
In Experiment 2, cursor trajectories were significantly modulated by 'regularity', 'phase' and their interaction (Figure 3c ). Two
General Discussion
Do we make use of temporal regularities in our environment even if we are oblivious to them? To answer this question, we developed a paradigm in a game-like environment where participants scored points by 'hitting' sudden-onset targets. One of these targets appeared every three seconds and the others with random timing, which made the temporal regularity difficult to detect. Indeed, only~4% of the participants across two experiments reported to have detected this regularity in blocks without prior instruction.
Nevertheless, we found that unaware participants still displayed better performance to regular targets compared to irregular targets, as measured by RT, hit rates, and cursor movements. Thus, participants adapted to the regularity without detecting its presence, and thus without intentionally utilizing timing information.
Previous research on temporal preparation has similarly suggested that behavior adapts to temporal regularities. However, these experiments constitute warned RT-or detection tasks with a variable interval between the cue and the target. In these studies, timing is often characterized as 'implicit' since participants are not required to make an overt time estimation (see Coull & Nobre, 2008 , for a taxonomy). However, as each trial is isolated and its onset is explicitly cued, the temporal information and its importance for performance are transparent. This contrasts with everyday behavior in which we base our timing judgments on complex, uncued dynamically unfolding events and are hardly, if ever, aware of the temporality of our behavior. The paradigm of the present study is in line with such an environment.
Interestingly, a recent study from our group (Damsma, Taatgen, de Jong, & van Rijn, 2019) has used a comparable design to study adaptation to implicit temporal regularities.
In their experiments, a visual search display was preceded by sequences of stimuli, and one location or feature in this sequence was presented at regular intervals. It was hypothesized that attention would be attracted to the temporal regularity, but no evidence for such adaptation was found. A critical difference that could account for these discrepant results is that in our paradigm the regularity was part of the task's goal, thereby immediately pairing the regular target with a motor response, and rewarding feedback upon a successful hit. Previous research has demonstrated that motor learning is facilitated when predictive cues are directly associated with a motor plan and immediate reward (Howard, Wolpert, & Franklin, 2015; Manohar et al., 2015; Wolpert & Flanagan, 2016) . It is likely that in our design participants therefore attended the regularity more than in Damsma et al. (2019) , which has previously been argued to be crucial for statistical learning (Baker et al., 2004; Richter & de Lange, 2019; Turk-Browne et al., 2005) .
A potential neural correlate of adaptation to temporal regularities is rhythmic neural entrainment, a process where neural oscillations align to the temporal structure of a stimulus sequence (Large & Jones, 1999; Schroeder & Lakatos, 2009 ). Indeed, Olson and Chun (2001) have shown implicit adaptation to rhythmic stimulus presentations, with durations ranging between~0.2 -1.5 s. In our design, the 'rhythm' was formed by a much longer interval of three seconds. Research on motor control typically distinguishes between 'fast' rhythmic and 'slow' discrete periodic stimuli, separated by a boundary at~1.5 s (Huys, Studenka, Rheaume, Zelaznik, & Jirsa, 2008; Miall & Ivry, 2004) . The interval in our design clearly falls in the latter category. Although neural entrainment is typically studied using 'fast' rhythmic stimuli, Obleser (2017, 2019) investigated such entrainment in a 'slow' discrete timing task. In these experiments, they found indications that slow neural oscillations implement temporal predictions by a 'phase-locking' mechanism that aligns the more excitable phases of neural oscillations with target's onset.
Our paradigm would enable one to study such neural entrainment in cases where there is no explicitly cued interval to be timed.
Compared to traditional experiments on temporal preparation (e.g., Coull & Nobre, 1998; Los et al., 2017; Niemi & Näätänen, 1981; Woodrow, 1914) , our paradigm is much more in line with a complex, dynamic real-world environment. However, temporal regularities in the real world are typically much more imprecise. For example, temporally predictable events are not only formed by continuous rhythms and the timing of predicted events is often more imprecise than the exact three second interval used in our paradigm.
An interesting open question is therefore whether the implicit adaptation we found is persistent and flexible enough to guide behavior in more imprecise scenarios.
Conclusion
The brain is thought to automatically capitalize upon temporal regularities in a complex, dynamic environment. Here, we developed a paradigm that adheres to an ecological setting in which temporal regularities were embedded in a stream of events. We found that participants, indeed, automatically exploited these regularities, without being able to report them afterwards. In this way, we provide, for the first time, direct evidence for the long-held belief that regularities in the time between the events we encounter in our daily life, despite being undetected, can be used to anticipate events.
Experiment 2 was a direct, more stringent replication of Experiment 1, and was conducted because we found that the inter-stimulus interval (ISI) in Experiment 1 differed for regular versus irregular targets. To rule out that any observed effects could be driven by this higher-order dependency, we replicated Experiment 1 with a more stringent randomization regime for the stimulus sequences.
In order to minimize ISI differences in conditions while otherwise maintaining the randomization procedure as unconstrained as in Experiment 1, we simulated experiments in a random fashion and assessed the ISI distributions for regular and irregular targets by means of the Kullback-Leibler (KL) divergence. That is, for each participant, we simulated a full experiment existing of eight unique blocks for both the explicit and implicit phase.
For each simulated experiment, we retrieved the ISI's split on 'regularity'. Following, we estimated the ISI distributions for these values using a Gaussian kernel density estimation with a fixed bandwidth of 0.2. Finally, we compared the estimated ISI distributions by computing the KL-divergence as a measure of how one probability distribution (regular) diverges from a second probability distribution (irregular). A randomly generated sequence was only accepted as an experimental sequence if the KL-divergence between the two ISI distributions was lower than 0.001 (for comparison, in Experiment 1 the KL-divergence was 0.1). Table A1 provides a descriptive summary of the ISI distribution used in both experiments. The code used to generate these sequences is included in the OSF-repository (https://osf.io/9fp43/).
